Microporosity in carbonate reservoirs is globally pervasive and commonly used to explain high 12 porosity, low permeability reservoirs, higher than expected water saturations, low resistivity 13 pay zones and poor sweep efficiency. The potential for micropores to store and produce 14 hydrocarbons has long been recognized, yet limitations on tools to evaluate microporosity 15 prevented rigorous evaluation. Here we demonstrate a workflow for evaluating microporosity 16 through a combination of laser scanning confocal microscopy (LSCM) and pore network well as in structural and diagenetic overprints, all contribute to complex and often multi-scale 27 pore geometries and architectures (Lucia 1983 (Lucia , 1995 Lucia et al. 2013; Hollis et al. 2010; 28 Amour et al. 2012; van der Land et al. 2013) . One such contribution to pore-scale heterogeneity 29 is microporosity, which is known to impact single-and multi-phase flow properties significantly 30 (Jiang et al. 2013b; Mehmani and Prodanovic 2014; Kallel et al. 2016; Harland et al. 2015; 31 Bultreys et al. 2015; Bultreys et al. 2016a; Pak et al. 2016; Hosa et al. 2017) . Most carbonate 32 reservoirs are known to contain micropores; frequently these micropores are diagenetic in 33 origin but may also include micropores in coccolith-rich sediments. During diagenesis, primary 34 meta-stable carbonate textures (aragonite muds and Mg calcite allochems) are converted to 35 microcrystalline calcite and micropores form between microrhombic crystals ranging in size 36 from 1 to 4 microns (Moshier 1989a) . Microporous limestones account for many low 37 permeability carbonate reservoirs worldwide (Kaczmarek et al. 2015) , yet the extent of 38 micropore storage capacity, its spatial distribution, the timing of its formation relative to fluid 39 charge, as well as its contribution to reservoir flow behavior is still poorly understood (Budd 40 1989; Moshier 1989a Moshier , 1989b Perkins 1989; Cantrell and Haggerty 1999; Lambert et al. 2006; 41 Clerke et al. 2008 Clerke et al. , 2009 ). The underpinning physio-chemical processes that influence reservoir-42 scale flow behaviors occur at the pore scale (c.f. Meakin and Tartakovsky 2009; Blunt et al. 43 2013; Bultreys et al. 2016b). Variations in wettability combined with spatially heterogeneous 44 pore architectures can result in significant deviations in displacement processes. These 45 processes impact permeability and relative permeability, and therefore, the field-scale reservoir 46 behavior and recovery (e.g.; Blunt 1997; Dixit et al. 1998; Clerke et al. 2008; Ryazanov et al. 47 2009; Deville de Periere 2011; Jiang et al. 2013b; Al-Dhahli et al. 2014; Bultreys et al. 2015, 48 2016a; Mehmandi and Prodanovic 2014; Harland et al. 2015; Kallel et al. 2016; Pak et al. 2016 (Durham 2005; Bates 1973; Grunau 1977; Bois et al. 1982; Beydoun 1988 Beydoun , 81 1991 Meyer et al. 1996; Corbett & Jensen 2000; Lindsey et al. 2006). Arab D reservoirs ( Figure   82 1) consist of grain-dominated carbonates with an abundance of micropores (Mitchell et al. were impregnated with fluorescent dyed epoxies (Bereskin et al. 1993(Bereskin et al. , 1996 Fredrich et al. 196 1995; Fredrich 1999; Menéndez et al. 2001; Petford et al. 2001; Al Ibrahim et al. 2012; Hurley et 197 al. 2012). Over 600 training images were used to create 3D models with PAM. The resulting models were 294 visually compared to the original images for quality control. The final data set consists of 262 295 PAM models representing the microporosity in the Arab D. Statistical attributes of the 3D 296 models were computed using a series of algorithms embedded in PAT (Jiang et al. 2007 (Jiang et al. , 2012 In brief, the PAT approach extracts a pore network representation from the 3D pore scale 298 models generated using PAM or other pore reconstruction methods. A pore network model 299 consists of a series of nodes and bonds that represent pores and pore throats as well as the 300 connectivity and topology of the pore system. The advantage of representing the pore space by 301 an equivalent pore network model is that the petrophysical and statistical properties of the 302 pore network can be computed in a computationally efficient way. 
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hydrocarbons has long been recognized, yet limitations on tools to evaluate microporosity 15 prevented rigorous evaluation. Here we demonstrate a workflow for evaluating microporosity 16 through a combination of laser scanning confocal microscopy (LSCM) and pore network 17 modeling. Specific values for microporosity and permeability calculated in our study should not 18 be applied explicitly, as these are simulated values, but they demonstrate the viability of 19 micropore networks to store and flow hydrocarbons. Carbonate reservoir assessment is critical 20 not only in the petroleum industry, but also for applications in hydrothermal and mineral 21 resources, carbon capture and storage, and groundwater supply. This approach can be applied 22 to understand the potential for any reservoir to hold and transmit fluids. however, are unable to truly decouple the permeability contribution from micropores versus 53 macropores as it is difficult, if not impossible, to find samples large enough for experimental 54 analysis where 100% of the porosity is microporosity. In brief, the PAT approach extracts a pore network representation from the 3D pore scale 298 models generated using PAM or other pore reconstruction methods. A pore network model 299 consists of a series of nodes and bonds that represent pores and pore throats as well as the 300 connectivity and topology of the pore system. The advantage of representing the pore space by 301 an equivalent pore network model is that the petrophysical and statistical properties of the 302 pore network can be computed in a computationally efficient way. The potential for micropores to store and produce hydrocarbons has long been recognized, yet 444 limitations on tools to characterize and quantify microporosity prevented rigorous evaluation. 445 Here we demonstrated a workflow for evaluating microporosity through a combination of 
